Abstract-In this paper, the study and the modeling of a lithiumion battery cell is presented. The battery testing system used to obtain the data to be elaborated is designed and developed by using a programmable electronic load and a programmable power supply. This dedicated laboratory equipment can be used to apply charging/discharging cycles according to user defined current profiles. The battery modeling and the parameters identification procedure is carried out. Finally, the model is exploited to implement a state of charge estimation suitable in the case of different dynamic load inputs.
INTRODUCTION
The first Electric Vehicle (EV) was invented in 1834 [1] but then EVs vanished from the scene because of the development of Internal Combustion Engine Vehicles (ICEVs). Nowadays, due to the environmental issue, the interest on EVs and on Hybrid Electric Vehicles (HEVs) is growing again thanks to their lower pollutant emissions. New studies and technological proposal are continuously involving the automotive field [2] and more recently also the working machinery field [3] . In the latter, lots of attention must be put on the architecture design depending on the power requirement of the specific application [4] . The main difference between an ICEV and an EV or HEV is the presence of a battery pack used to power the vehicle. The battery pack is a system of single battery cells connected in series to increase the voltage and in parallel to increase the capacity. Batteries are the main limitation in electric vehicles' spread due to their limited capacity, lifetime, cost and safety. To guarantee the best working conditions, voltage, current and temperature of the single cells are handled by an electronic unit called Battery Management System (BMS) [5] .
Traction batteries need characteristics such as high energy density and power density. The Ragone plot [6] shows that, among the established technologies, lithium-ion and lithiumpolymer cells are those which best satisfy these requirements. Other advantages addressable to Li-ion batteries are the high cell potential and the high charge/discharge rate [7] . However, there are still some drawbacks and they are mainly related with cost, safety, lithium reliability and cycle life.
Further distinction must be introduced within the lithiumion batteries. According to [8] , a first classification can be done based on the shape of the cell. A battery cell can be manufactured in different shapes, typically cylindrical, prismatic and pouch. Cylindrical cells have the lowest energy density compared to the others, however they are the cheapest to be produced so they are still widely used also in the automotive field. Prismatic cells have a higher energy density and are characterized by and external hard case. Pouch cells are flexible, they can be produced in different formats and are characterized by the higher energy and power density. A second classification [7] can be made according to the materials present inside the battery. The main elements inside a battery are the anode, the cathode, the separator between the electrodes and the electrolyte. Nowadays the materials composing the battery electrodes are object of lots of research studies [9] . The best compromise must be identified considering lots of factors such as terminal voltage, capacity, number of cycles, safety and cost. Typical materials employed for the anode are Graphite and more recently Lithium Titanate (LTO). Among the structures used in the cathodes there are Lithium Cobalt Oxide (LCO), Lithium Manganese Oxide (LMO), Nickel Manganese Cobalt Oxide (NMC), Nickel Cobalt Aluminium Oxide (NCA) and Lithium Iron Phosphate (LFP) [7] . Tab. 1 summarizes the main advantages and disadvantages of the various materials. Many combinations of anode and cathode materials can be used. Among the commercialized cells, a dominant position is awarded by the LFP-Graphite batteries, that guarantee the best results in terms of both safety and duration. With respect to other chemistries, LFP is less prone to thermal runaway. This phenomenon leads to a chain of exothermic reactions that cannot be stopped which imply excessive heat release, flammable and toxic gas, resulting in fire or explosion [10, 11] .
In the last years, the need to study batteries in real working conditions has increased the demand for high specific testing equipment. With high energy batteries, testing equipment must handle high current rates and the costs connected to these devices are consistent.
To contain the costs, some attempts were done to build devices able to discharge batteries [12] , but always with low current and for low energy batteries. In fact, increasing the current, the heat to be dissipated grows too, and it is necessary to properly dissipate heat in order the system to work in safe operating conditions. In this work, the design process of a low cost battery testing equipment for high current applications was developed. Starting from circuits proposed in other studies [13] , a control circuit was developed on a dedicated printed circuit board. Then the power branch was designed according to the desired power target. The programmable electronic load developed, together with a programmable power supply, represents the battery testing system. An appropriate control strategy allows to apply the desiderated current profile to a battery cell.
In the following section, the battery model and the parameters identification procedure are described. Finally, the model developed is exploited to implement a state of charge estimation based on a Kalman filter algorithm [14, 15] . The obtained results are thus presented and discussed.
II. PROGRAMMABLE TEST BENCH

A. Testing equipment
Battery testing systems are becoming more and more important with the renewed interest towards electric vehicles. It is possible to identify two main purposes for such systems: battery model parameter identification with standard current profiles and life cycle cell analysis [16] . In both cases, the testing system must be programmable to allow for testing cycles with predefined current profiles. Testing equipment must be able to accomplish both the charging and discharging phase. Thus, a battery testing system can be schematically represented as shown in Fig. 1 .
The electronic load is a device that allows to apply a variable load to a voltage source draining a predefined amount of current from it. It consists in an array of power MOSFETs used as variable resistors. To prevent the failure of the system, a properly designed cooling system must maintain temperatures in the prescribed value ranges. This device is not able to supply energy to the cell under test, so it must be coupled with a proper power supply to realize a system able to simulate complete charging-discharging cycles (Fig. 2) . 
B. Maintaining the Integrity of the Specifications
In Fig. 2 , the two devices are connected in parallel to the cell under test so that a proper programming sequence allows to switch from the discharging to the charging phase depending on the specific test cycle. Each device communicates with a personal computer through serial communication. A specific software written in MATLAB/Simulink, allows to define a predefined current pattern and manage the communication with the devices. Charging and discharging current references are given to the device together with on/off signals for their internal switches. The data acquisition is performed by a National Instruments DAQ. The theoretical capacity mainly depends on the quantity of active material that is inside the battery cell. In operating conditions, the capacity of a battery cell is not a constant property, it mainly varies according to the charging/discharging conditions, temperature and ageing. According to the application, the battery can be modeled in different ways. In HEVs and EVs, as a compromise between accuracy and computational effort, the most used models are the equivalent circuit based battery models [17, 18] . In literature, many equivalent circuit models exist [16] and can be used according to the degree of detail requested. Some models consider the hysteresis effect observed between the charging and discharging process, others include the self-discharge of the battery.
In literature, the most widespread equivalent circuit based battery models are the Rint model, the Thevenin model with one RC branch and circuits with two or more RC branches [17] .
According to the equivalent circuit based models suggested from the literature, the Rint model was selected because of its simplicity and reduced computational effort. In this model, the battery is represented as a voltage generator and a series resistor. The voltage generator represents the Open Circuit Voltage (VOC) of the battery, which mainly depends on the State Of Charge (SOC). The VOC is a characteristic of each different battery chemistry. The series resistance represents the internal ohmic resistance of the battery. The Rint model can be expressed by Eq. 1, where Vt is the terminal voltage, I is the current flowing through the battery and R0 is the ohmic resistance.
By convention, discharging current is defined positive and charging current is defined negative. In this model, the parameters to be determined are VOC and R0. Because VOC shows a marked dependency by SOC, in the present paper it is modelled as a function of this quantity according to a simplified electrochemical battery model. In these models, coefficients have no physical meaning and are just used to fit the battery response. Among the simplified electrochemical battery models, the Combined model (Eq. 2) was selected [16, 17] due to the best fitting performance of the battery response.
Eq. 2 describes the open circuit voltage as a function of the state of charge (indicated by z) using the five different coefficients Ki to represent the trend of the whole curve.
IV. PARAMETERS IDENTIFICATION PROCEDURE
A. Offline parameters identification procedure
Data acquired with the testing equipment were used to identify the model parameters. The sampling period is very short with respect to the duration of a test so the problem is over-determined. To carry out the model parameter identification, the Least Squares procedure (LS) was adopted. To solve the LS, the QR factorization was implemented due to its good performance also with a not well-conditioned coefficients matrix [19] . The identified parameters can be used to reproduce the battery terminal voltage starting from an input current.
Among the various discharging profiles generated with the built equipment, the data set obtained with the Dynamic Stress Test (DST) profile was chosen to identify the model parameters. In fact, the DST profile was the one that guaranteed the lowest conditioning number for the coefficients matrix, and so the best regression possible. The dynamic stress test profile was designed by the USABC (US Advanced Battery Consortium) to represent the dynamic EV discharging profile and it consists in a series of positive and negative impulses of different duration. The amplitude and the duration of these impulses is defined by standards [20] . The total duration of the cycle is 360 seconds. The positive power is the discharging power and the negative one is the charging power. The cycle is iterated in time until the imposed discharging threshold voltage is reached.
The data sets collected during the DST tests were used for the model parameters identification. During the tests, the current and the voltage on the battery terminals were measured. The tests were conducted in air so the main heat transfer mechanism acting was natural convection. The battery was not able to dissipate the whole amount of heat produced so the temperature was growing with current flowing. The external temperature was 27 °C. At first a discharge test with a constant low current was conducted to detect the rated capacity of the battery (capacity test [21] ). It was found to be 26 Ah in the case of a discharge up to the threshold voltage of the battery of 2.5 V. Thus, the rated capacity was determined and it was used to compute the state of charge of the battery, according to the Coulomb Counting formulation (Eq. 3).
where Qrated is the rated capacity and SOC(0) is the initial state of charge. The SOC during the whole test was computed. The Combined model shows some singularities in SOC=0 and SOC=1, so the corresponding values were not considered. The set of points to be used for the identification process was selected and it was made of time, current, voltage and state of charge.
978-1-5386-3007-5/17/$31.00 ©2017 IEEE To solve the problem, it is necessary to build the coefficient matrix according to the structure of Eqs. 1 and 2. The coefficients are all the quantities that multiply the parameters K0, K1, K2, K3, K4, R0. The output vector is the output voltage. Starting from these quantities, the triangular orthogonal decomposition was implemented on MATLAB with the function qr. An upper triangular matrix R was obtained, in which the sub-matrices Rk, and yk can be identified. The unknown parameters can be computed as:
This is the procedure to be applied offline to the data set to find a first estimation of the battery model parameters. The parameters obtained are summarized in Tab. 3. They can be used to reproduce the battery terminal voltage corresponding to a certain input. 
B. Online parameters updating procedure
The offline identified model parameters can be the starting point of an online simulation of the battery behavior. In fact, using a different input current, the simulated output voltage can be generated and compared to the measured one. The model parameters are not constant so, to obtain a good agreement between the simulated and the measured output, they must be updated during the test, each time a new data point is acquired. The updating procedure can be implemented on MATLAB as a Recursive Least Square procedure (RLS) using the function cholupdate obtaining the updated matrix R. Again, Rk and yk can be extracted and the updated parameters can be computed.
V. STATE OF CHARGE ESTIMATION
The battery management system performs several tasks. It ensures the battery pack to work in safe operating conditions through a continuous monitoring of the cell's activity and transmits the information to the vehicle control unit. It also evaluates the state of the battery and balances the battery cells within the battery pack.
The selected model can be exploited to estimate the state of charge of the battery. It expresses the residual capacity of the battery and allows the user to know how much energy is left in the battery. Unfortunately, the state of charge is not a measurable quantity. Many techniques have been developed to estimate the state of charge of the battery. They can be classified in direct measurements, book-keeping estimation, adaptive systems and machine learning methods [22] . Direct measurement methods are based on the idea of measuring a physical quantity that is a function on the state of charge (typically the terminal voltage and impedance). Book-keeping methods compute the state of charge starting from the measured current. The commonly used Coulomb Counting belongs to this group. Adaptive systems methods are based on algorithms which try to estimate the state of charge starting from measured quantities, so some models must be considered to obtain an estimation of the SOC. Machine learning methods include artificial neural networks, fuzzy logic and support vector machine; the battery is considered as a black box and the input with the output are correlated.
Among the state of charge estimation techniques, many studies focused on the solution based on the Kalman filter estimation algorithm. This adaptive method allows to estimate a quantity, the state of charge, that is not measurable, using a measurable output that consists in the terminal voltage of the battery. It is not possible to evaluate the SOC directly from the terminal voltage because of the flatness of the VOC vs. SOC curve. However, together with the input current, the Vt can be used to provide an indication of the SOC.
To implement the Kalman filter, at first the model must be written in the state space (Eqs. 5-6).
where f is the prediction state function and h is the observation function; xk is the state, uk is the input, yk is the output, wk and vk are the process noise and the measurement noise respectively. The process noise wk is Gaussian white noise with zero mean and covariance Σw. The measurement noise vk is Gaussian white noise with zero mean and covariance Σv. In the present case, the function h is nonlinear so the Extended Kalman Filter (EKF) must be implemented. The state to be determined is the state of charge, the input is the current and the output is the voltage. At first, the Jacobian matrices F and H must be computed [23] . Matrix F is constant and is equal to 1. Matrix H is not constant and must be updated in each time step.
The extended Kalman filter algorithm can be summarized in two steps (Fig. 3) . The first one is the prediction step, in which the a priori estimation of the state and covariance matrix are computed. Then the Jacobian matrix H, the new estimated output and consequently the output estimate error can be computed. The second step is the correction step. The Kalman gain is computed and is used to correct the a priori state estimation obtaining the a posteriori state estimation; finally, the a posteriori covariance matrix is computed.
One of the limitation of the EKF algorithm is that the initial covariance matrix on the process and the measurement noise must be known a priori. However, an error on this setting can produce error in the results that cannot be removed. This is the reason why it is necessary to implement an adaptive algorithm in which the covariance matrix of the process noise Σw is updated each time step. To do this, an innovation matrix Σz is computed starting from the estimation error in the last m samples (innovation window). Figs. 5-7 show the results obtained when the same current profile used for the offline parameter estimation is applied. The battery is fully charged, but in the simulation the initial state of charge it is forced to be 0.5. Fig. 6 . shows that, after an initial large convergence error, due to the wrong initial state, in about 300 seconds the state estimation error is less than 0.1.
In Fig. 7 , a comparison can be made between the output simulated with and without the parameters updating procedure. In the latter case, the fitting capability of the model improves and a better estimation of the state is obtained. In Fig. 8 a zoom of the output estimation is presented. A Rint model was implemented so the output cannot fit the transient trend of the curve. However, the estimated output can properly follow the measured output. Further considerations can be made considering other input profiles. The standard HPPC (Hybrid Pulse Power Characterization) test profile, consisting in a series of positive and negative pulses alternating to pauses is applied [21] . The result obtained is shown in Fig. 9 . Also in this case the results obtained in terms of output estimation and consequently of state estimation are quite satisfactory.
VII. CONCLUSION
In the present paper, a programmable electronic load was built and it was used to discharge, according to a defined current profile, a LiFePO4 lithium-ion cell. The battery model was selected. The data sets acquired were used to identify the model parameters. The procedure that consists in a joined recursive least squares procedure and an extended Kalman filter algorithm was implemented to estimate the state of charge of the battery cell. Various input profiles were considered to test the algorithm. The results show that the estimated SOC can fit quite well the theoretical state of charge in the different cases of dynamic input.
